The identification of transcription factors (TFs) responsible for the co-regulation of specific sets of genes is a common problem in transcriptomics.
Identification of gene expression signatures representing biological states is a key step to 2 understand the transcriptional control of biological processes and the alterations that 3 occur in pathological conditions. The underlying assumption is that one or a few TFs 4 are responsible for the signature. Traditionally, the identification of relevant TFs has 5 relied on the use of position weight matrices (PWMs) to predict transcription factor 6 binding sites (TFBSs) proximal to the DE genes [19] . The comparison of predicted 7 TFBS in DE versus a set of control genes, reveals factors that are significantly enriched 8 in the DE gene set. The prediction of TFBS using these approaches have been useful to 9 narrow down potential binding sites, but can suffer from high rates of false positives. In 10 addition, this approach is limited by design to sequence-specific transcription factors 11 (TF) and thus unable to identify cofactors that bind indirectly to target genes. To 12 overcome these limitations a new family of methods that exploit experimentally 13 determined binding information are beginning to emerge [1] [6] . Here we describe the 14 development the R package TFEA.ChIP, which exploits the vast amount of publicly 15 available ChIP-Seq datasets to determine TFBS proximal to a given set of genes and 16 computes enrichment analysis based on this experimentally-derived rich information. 17 Specifically, TFEA.ChIP uses information derived from the hundreds of ChIP-Seq 18 experiments from the ENCODE Consortium [4] expanded to include additional datasets 19 contributed to GEO database [3] [2] by individual laboratories representing the binding 20 sites of factors not assayed by ENCODE. The package includes a set of tools to 21 customize the ChIP data, perform enrichment analysis and visualize the results. This 22 manuscript describes the main characteristics of the package and assess its performance 23 through the analysis of selected gene sets from the v6. genes. This process resulted in a database of DHSs-gene pairs that only retained DHSs 78 that were assigned to at least one gene (Fig 2, step A) . Next, we added to this database 79 the list of statistically significant (Pearson's correlation coefficient >0.8) enhancer
80
DHSs-gene pairs generated by ENCODE [15] (Fig 2, step B) . Then, for each ChIP-seq 81 dataset we selected those peaks that were statistically significant (F DR < 0.001 for 82 ENCODE datasets and F DR < 0.05 for the rest of datasets) and overlapped an open 83 chromatin region in the DHSs-gene database. Each of these peaks was assigned to the 84 same gene as the DHS they overlapped with (Fig 2, step C) . Finally, we integrated the 85 peak-gene information from all ChIP-dataset into a binary matrix with rows 86 corresponding to all the human genes in the Known Gene database, and a columns for 87 every ChIP-Seq experiment analyzed; the entry values were assigned to 1 when the row 88 gene had at least one peak assigned in the ChIP-Seq column and 0 otherwise (Fig 2) . It 89 is worth noting that, as a result of the matching strategy, the interaction matrix TFEA.ChIP is designed to take the output of gene expression profiling analysis and identify transcription factors enriched in the list of differentially expressed genes. The core premise of the method is that key effectors of a transcriptional response will have more target genes among the differentially expressed than among the unresponsive genes. TFEA.ChIP implements to types of tests to identify enriched TF. The first one analyzes the association of TFBS and differential expression from 2x2 contingency tables categorizing all human genes according to the presence of binding sites for a given TF and their transcriptional response (DE or non-responsive). The statistical significance of the association for each transcription factor is determined by a Fisher's exact test. We refer to this method as association test throughout the text. This analysis only requires a list of DE genes as input and returns a table containing the results of the Fisher's exact test computed for each one of the 1075 independent binding profiles the data base. In addition to the FDR-adjusted p-value (and its -log10 transformation, here referred to as LPV) for the association, the table contains the odds-ratio (and the log2 transformation, here referred to as LOR) as a measure of the size effect. Also, in an attempt to rank the transcription factors as potential candidates mediating the regulation of DE genes, the program computes the euclidean distance of each factor i to the origin in LPV versus LOG graphs as
where LOR i and LP V i correspond to the log 2 (OR) and −(log 10 (adjP val)) transformation of the odds-ratio (OR) and FDR-adjusted p-value (adjPval) returned by the Fisher's exact test for the i TF in the data base, and sng() is the sign function. In the second method, the association of TF to DE genes is determined using a Gene Set Enrichment Analysis (GSEA) [14] . To this end TFEA.ChIP uses the list of genes bound by each TF in the internal database as a gene sets representing the binding signature of each factor. Thus, each column in figure 2 is represented as a gene set that includes all genes with a value of 1. This analysis requires as input list of genes sorted according to the magnitude of the difference in expression in the two conditions being compared. We recommend the π-value [20] , which combines expression fold change and statistical significance, as sorting criteria for the result of a DE gene analysis:
. where FC is the ratio of gene i expression in the two conditions being compared and 94 adjPval is the multiple-testing adjusted P-value associated with equal-mean expression 95 hypothesis test.
96

Results
97
The general strategy followed by TFEA.ChIP was first described in an study aiming to 98 determine transcription factors involved in gene repression induced by reduced oxygen 99 availability (hypoxia) [16] . This work also highlighted the benefits of using ChIP-seq 100 data over PWM for the identification of TFBS [16] . Fig 3A) and Opossum (Fig 3B) , a PWM-based 119 state-of-the-art tool [7] . To compare both methods, we processed the raw output 120 produced by oPOSSUM (number of target hits, target non-hits, background hits, and 121 background non-hits for every PWM) to generate statistics comparable to those 122 produced by TFEA.ChIP (Fisher's tests p-value and odds ratio). While both methods 123 were able to find the Hypoxia Inducible Factors (HIFs) as TF significantly enriched in 124 the set of genes upregulated by hypoxia (Fig 3 A and B) , the results of TFEA.ChIP representing these transcription factors are consistently enriched (Fig 3A) 
B). The graphs represent the adjusted p-value (-log10 FDR) and the log-odds ratio (LOR) for the association of ChIP datasets (A,C and D) or PWM-motifs (B).
A, datasets corresponding to TF of the Hypoxia Inducible Factor ("HIF1A", "EPAS1" and "ARNT") family and other TF ("other"); B, PWMmotif corresponding to Hypoxia Inducible Factors ("HIFs") vs rest of motifs ("Other"). C, the graph shows HIF datasets labelling those derived from normoxic ("Nx"), hypoxic ("Hpx") and inhibitor-treated ("Inh") samples. Inh samples were exposed to a small molecule inhibitor that activates HIF. D, HIF datasets labelling those derived from VHLcompetent ("WT") or deficient ("Mut") cells. gene expression data set, we first sorted the genes detected in the experiment according 144 to their response to hypoxia (pi-value, [20] ) and then used the sorted list as input for 145 the GSEA included in the package. Figure 4A shows the GSEA-derived enrichment Supplementary table S3 Table) . To "Hallmark" collection that consists of a non-redundant and manually curated gene sets 172 representing specific biological states [9] . In this case, the relevant TF was present in 173 the top 10% ranking factors in 13 out of 15 gene sets representing defined gene 174 expression signatures (Fig 5A "H" group) . In addition, the relevant TFs were usually 175 found far from the remaining TF in the LPV-LOG plot (Fig 5B) , suggesting a good 176 signal-to-noise ratio. In agreement, computation of receiver operating characteristic 177 (ROC) curve for each dataset showed that the area under the curve (AUC) was higher 178 7/11 than 0.7 for 73% of the C2 and 100% of the Hallmark datasets (Fig 5C) . In the case of 179 the Hallmark collection, the AUC was >0.8 for 14 of the 15 gene sets and >0.9 for 7 of 180 them. Thus, TFEA.ChIP shows a high discriminative capacity across a wide range of 181 gene profiles derived from varied experimental conditions and cell origins. 
Discussion
183
The identification of the transcription factor(s) that coordinate a given gene expression 184 pattern is usually a key piece of information in transcriptomics. Herein, we describe the 185 package TFEA.ChIP, a software package that combines experimentally determined the form of PWM, to determine gene-regulatory networks is an emerging approach and, 189 to our knowledge, just two other tools, ENCODE ChIP-seq significance tool [1] Table. 228 Gene sets from MSigDB analyzed used to test TFEA.ChIP performance.
229
The table includes MSigDB gene set ID ("Gene Set"), reference to the collection name 230 ("Collection"), the genetic/chemical perturbation or biological/experimental process 231 represented by the gene set ("Treatment") and the main transcription factor(s) expected 232 to be activated by the perturbation as well as paralogs and related factors ("TF"). 
